Abstract: Aerosol optical depth (AOD) derived from satellite remote sensing is widely used to estimate surface PM 2.5 (dry mass concentration of particles with an in situ aerodynamic diameter smaller than 2.5 µm) concentrations. In this research, a two-stage spatio-temporal statistical model for estimating daily surface PM 2.5 concentrations in the Guanzhong Basin of China is proposed, using 6 km × 6 km AOD data available from the Visible Infrared Imaging Radiometer Suite (VIIRS) instrument as the main variable and meteorological factors, land-cover, and population data as auxiliary variables. The model is validated using a cross-validation method. The linear mixed effects (LME) model used in the first stage could be improved by using a geographically weighted regression (GWR) model or the generalized additive model (GAM) in the second stage, and the predictive capability of the GWR model is better than that of GAM. The two-stage spatio-temporal statistical model of LME and GWR successfully captures the temporal and spatial variations. The coefficient of determination (R 2 ), the bias and the root-mean-squared prediction errors (RMSEs) of the model fitting to the two-stage spatio-temporal models of LME and GWR were 0.802, −0.378 µg/m 3 , and 12.746 µg/m 3 , respectively, and the model cross-validation results were 0.703, 1.451 µg/m 3 , and 15.731 µg/m 3 , respectively. The model prediction maps show that the topography has a strong influence on the spatial distribution of the PM 2.5 concentrations in the Guanzhong Basin, and PM 2.5 concentrations vary with the seasons. This method can provide reliable PM 2.5 predictions to reduce the bias of exposure assessment in air pollution and health research.
Introduction
Ambient air pollution is associated with human health and, thus, considered as a public health concern worldwide [1, 2] . Particulate matter is an important component of air pollution. PM 2.5 (the integrated mass concentration of fine particulate matter with aerodynamic diameter less than or equal to 2.5 µm) is used as a measure of the health-related aerosol mass concentration. High concentrations of PM 2.5 occur in regions across the world [3] with strong contributions from anthropogenic emissions, biomass burning aerosols, and desert dust, augmented by meteorological conditions conducive for the formation of haze (e.g., References [4, 5] ). Where anthropogenic emissions occur in certain regions Figure 1 . Elevation map of the study area, i.e., the Guanzhong Basin in the Shaanxi Province, China. Elevation is indicated by the color, see legend. Also shown are five cities, major highways, major railways, the air quality, and sun-sky radiometer observation network (SONET) stations in the study area.
Satellite-retrieved AOD Products
The S-NPP satellite was launched on 28 October 2011. It is the new generation of the National Polar-orbiting Operational Environmental Satellite System Preparatory Project in the United States. NPP carries five earth observation instruments including VIIRS [47] . VIIRS is a cross-track scanning radiometer that extends and improves the data series collected from the Advanced Very-HighResolution Radiometer (AVHRR) launched by the National Oceanic and Atmospheric Administration (NOAA) and MODIS launched by NASA. Figure 1 . Elevation map of the study area, i.e., the Guanzhong Basin in the Shaanxi Province, China. Elevation is indicated by the color, see legend. Also shown are five cities, major highways, major railways, the air quality, and sun-sky radiometer observation network (SONET) stations in the study area.
Data Collection

Ground-Based PM 2.5 Concentration Data
Hourly PM 2.5 concentration data for the major cities in all provinces of China are made available to the public by the environment ministry of China Environmental Monitoring Center (CNEMC) since 2012 [16] . As shown in Figure 1 , there are 33 air quality monitoring stations in the Guanzhong area, each of which provides hourly mean PM 2.5 concentrations (µg/m 3 ). These monitoring stations are located in five cities, i.e., 13 stations in Xi'an, four in Xianyang, four in Weinan, four in Tongchuan, and eight in Baoji. Only seven of these monitoring stations are located in suburban or rural areas. Following the Chinese directives for ambient air quality standards, the ground-based PM 2.5 concentrations are measured by a tapered element oscillating microbalance (TEOM) or a beta-ray with monthly data quality calibration and controlled processing (http://kjs.mee.gov.cn/hjbhbz/bzwb/jcffbz/201109/ W020120130460791166784.pdf, last access 1 November 2019). For the current study, we collected ground-based PM 2.5 concentrations averaged between 1:00 and 2:00 p.m. local time (LT) at 33 stations in the Guanzhong area, for the period from 1 January to 31 December 2017, from the website of the CNEMC (http://113.108.142.147:20035/). The time slot between 1:00 and 2:00 p.m. LT was selected to match the NPP satellite overpass time at 1:30 p.m. (LT). Invalid data due to equipment breakdown (values recorded as not available (NA)) were removed from the dataset before it was used in our study.
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Satellite-Retrieved AOD Products
The S-NPP satellite was launched on 28 October 2011. It is the new generation of the National Polar-orbiting Operational Environmental Satellite System Preparatory Project in the United States. NPP carries five earth observation instruments including VIIRS [47] . VIIRS is a cross-track scanning radiometer that extends and improves the data series collected from the Advanced Very-High-Resolution Radiometer (AVHRR) launched by the National Oceanic and Atmospheric Administration (NOAA) and MODIS launched by NASA.
VIIRS has a swath width of 3060 km, providing daily global coverage with a spatial resolution that depends on the spectral band. Out of 22 spectral bands, 16 have moderate spatial resolution of 750 m at nadir with wavelengths between 0.412 µm and 12.01 µm (M-bands) [43] . The VIIRS aerosol retrievals are performed using eleven of the M-bands (between 0.412 µm and 2.250 µm) at pixel level and produce a full set of aerosol parameters including AOD at 550 nm. The resolution of these bands is 0.742 × 0.776 km 2 at nadir and 1.60 × 1.58 km 2 at the edge of scan [43] . The VIIRS equator overpass time is approximately 1:30 p.m. LT. The VIIRS aerosol data are provided in two formats: the aerosol products environment data record (EDR) and the intermediate product (IP) . IP is the intermediate product with a spatial resolution of 750 m for obtaining aerosol properties that require quantitative measurement. The EDR product is the environmental data record with 6-km spatial resolution obtained from the IP product after data quality inspection, filtering, and analysis, which includes the AOD over land and ocean and the Ångström exponent. The most obvious difference between IP and EDR is that, when the data are affected by cloud or bright surface, or for observations during night time with insufficient light, IP can use the Navy Aerosol Analysis and Prediction System (NAAPS) to predict the AOD and fill the default value [48, 49] . The quality flags (QFs) are extremely important for the VIIRS aerosol product. The VIIRS EDR AOD product has four different quality flags: not produced (QF = 0), low (QF = 1), medium (QF = 2), and high (QF = 3) (https://www.star.nesdis. noaa.gov/smcd/emb/viirs_aerosol/documents/Aerosol_Product_Users_Guide_V2.0.1.pdf, last access 1 November 2019, Table 1 ). In this study, we used VIIRS EDR AOD at 550-nm wavelength with QF = 3 (https://www.bou.class.noaa.gov/saa/products/welcome) over the Guanzhong Basin for the period of 1 January 2017-31 December 2017. i.e., within half an hour of the VIIRS satellite overpass time). We also obtained the wind speed vector in meridional component wind speed U (WSU, m/s) at 2:00 p.m. LTC. All of the abovementioned meteorological variables were collected for the period from 1 January 2017 to 31 December 2017 in the Guanzhong Basin.
Land-Cover and Population Data
For land-cover data, normalized difference vegetation index (NDVI, dimensionless) data were used in previous studies (e.g., Reference [16] ). The MODIS Level 3 NDVI products were downloaded from NASA's Goddard Space Flight Center (https://modis.gsfc.nasa.gov/data/dataprod/mod13.php). The temporal and spatial resolutions of the NDVI data are 16 days and 250 m × 250 m, respectively. Because the temporal resolution of NDVI is 16 days, for one day, the nearest NDVI data to that day were used from 1 January 2017 to 31 December 2017.
The population data were obtained from China Statistical Yearbook 2017 (county level), which provides population data for every county or district in China in 2017. Population density (POP, in units of ten thousand people/km 2 ) was calculated from these population data for every county or district area.
Sun-Sky Radiometer Observation Network (SONET) Data
In order to evaluate the quality of the VIIRS AOD data over the Guanzhong Basin, we compared the VIIRS QF2 and QF3 AOD products with ground-based AOD observations from the sun-sky radiometer observation network (SONET) station in Xi'an. SONET is the observation network for obtaining aerosol optical and microphysical properties in China [52] . It was established by the Institute of Remote Sensing and Digital Earth (RADI), Chinese Academy of Sciences (CAS) in 2010. It has an automatic transmission and reception system for observation data, with a total of 20 observation stations in China. SONET uses automatic multi-wavelength polarization automatic solar radiometers, type CE318-DP, to observe solar and sky radiation and its polarization characteristics in nine wavebands (340, 380, 440, 500, 675, 870, 936, 1020, and 1640 nm). The SONET data include four levels, Level 1 of original data, Level 1.5 of aerosol product data after removing cloud contamination by using an automatic cloud recognition algorithm, Level 1.6 with interpolated calibration coefficients and data reprocessing based on Level 1.5, and the highest Level 2.0 judged by experts based on Level 1.6 [53, 54] . Because the Level 1.6 and Level 2.0 data are not routinely available, we collected the Level 1.5 aerosol (AOD at 500 nm) data from the Xi'an station within 30 min of the VIIRS overpass time, for comparison with the VIIRS AOD data.
Data Integration
The data used in this study, as described above, have different temporal and spatial resolution. To create a synchronized dataset for modeling, validation, and analysis, the data were collocated in space and time and integrated to reduce the impact of data noise error and spatial difference. The VIIRS AOD data, NDVI data, and meteorological data in the Guanzhong area are centered over the same coordinates per day, but they have a different coordinate system. The Albers Equal Area Conic Coordination System was adapted from other studies on the PM 2.5 /AOD relationship over China [55] . Thus, all datasets were re-projected to this coordinate system using ArcGIS 10.1. Every day, there is one AOD value for each of the pixels (6 km × 6 km) in the VIIRS scene over the Guanzhong Basin at overpass time, but only for cloud-free pixels. There are 33 ground-level PM 2.5 monitoring stations in the study area; thus, for algorithm development, a training dataset was developed comprising an AOD value for each of the pixels in which a PM 2.5 monitoring station is located to match the corresponding PM 2.5 value every day. Land-cover data NDVI and meteorological data are similar to VIIRS AOD data, but pixel sizes of NDVI data and meteorological data have resolutions of 250 m × 250 m and 0.125 • × 0.125 • , respectively. Thus, these values of the pixel to the nearest PM 2.5 monitoring station were extracted and matched to the corresponding PM 2.5 concentration value. Then, we could obtain Remote Sens. 2019, 11, 2679 7 of 22 every data group containing ground-level PM 2.5 concentration, VIIRS AOD, meteorological data, NDVI, and population data at each of the surface PM 2.5 observation stations for every day in 2017. Data groups with invalid or missing variables values were filtered. Because a minimum of four data groups is required in the GWR model for model fitting and cross-validation [29] , we discarded the days with less than four data groups and screened days with four or more data groups. After filtering and screening, a total of 1659 valid data groups were retained for model fitting.
Model Structure and Development
The linear mixed effects model (LME) with day-specific random intercepts and slopes describing the temporal variation of the PM 2.5 /AOD relationship, incorporates both fixed-effects terms and random-effects terms [37] . Based on the LME model, the geographically weighted regression model (GWR) was used to explain the potential spatial variation of the PM 2.5 /AOD relationship, which generates a continuous surface of parameter values [39, 56] . In addition, a two-stage generalized additive model with a smoothing function was used to explain the temporal and spatial variation of PM 2.5 [26, 57] . In this study, we advanced these models to develop an improved two-stage statistical model that could reflect the temporal and spatial variability of the PM 2.5 /AOD relationship in the Guanzhong Basin. In the choice of model parameters, previous studies showed that meteorological conditions (such as relative humidity, planetary boundary layer height, wind speed, and temperature) have a strong impact on the PM 2.5 /AOD relationship, because the optical properties of aerosol particles change substantially with the vertical mixing and hygroscopic growth of the particles [45, 58] . In addition, vegetation and population could also affect the PM 2.5 concentration [16] . In this paper, we used meteorological factors, land-cover, and population density as independent variables to build an LME model in the first stage. The fixed-effect term explains the average effect of the relationship between independent variables and PM 2.5 concentrations during the whole study period. The random effect explains, for each day, the variation between dependent and independent variables. The model is formulated as follows: 
where PM 2.5,st is the near-surface PM 2.5 concentration (µg/m 3 ) measured at site s during day t, b 0 is the fixed-effect intercept, b 0,t is the random-effect intercept varying with the day t, AOD st is the VIIRS AOD (dimensionless) at site s on day t, and TP st , RH st , PBLH st , WSU st , and NDVI st represent the ground temperature (°C), relative humidity (%), planetary boundary layer height (m), wind speed vector into the meridional component U (WSU, west to east, m/s), and NDVI (dimensionless) at site s during day t, respectively. Additionally, POP s is the population density (ten thousand people/km 2 ) of site s in 2017, b 1 -b 7 represent the slopes of fixed effects for the whole research period, b 1,t -b 5,t represent the slopes of random effects, ε 1,st is the error term of site s on day t, b 0,t -b 5,t is the multivariate normal distribution, and Σ is the variance-covariance matrix of the random effect. We also tested the effect of using the zonal component wind speed V (WSV), but the correlation was not significant, the prediction accuracy of the model decreased, and the model became more complex due to increasing the number of prediction factors. This may be because the diffusion ability of aerosol particles in the north-south direction are suppressed in the Guanzhong area due to blocking by the southern Qinling Mountains and the northern Loess Plateau; thus, the north-south wind has little effect on the diffusion and transport of PM 2.5 . Similarly, we also used wind speed instead of WSU and WSV, but the prediction accuracy was significantly reduced. Therefore, we only used the meridional wind component U in the model to improve the prediction accuracy of ground-based PM 2.5 concentrations (positive values indicate that the wind direction is from west to east; negative values indicate that the wind direction is from east to west). Equation (1) could be applied to the whole fitting dataset to generate fixed-effect intercepts and slopes for all days, as well as random slopes and intercepts for each individual day. The first-stage model has the ability to interpret the time series between PM 2.5 and AOD.
In the second stage, a geographically weighted regression model (GWR) was built, based on the LME model in the first stage, to capture the spatial variation of the relationship between PM 2.5 and AOD [29, 38] . The GWR model uses the local smoothing method based on the spatial variable coefficient regression model to embed the geographic location of the data into the regression parameters. The model allows estimating parameters for a subgroup of sites rather than for all, which essentially represents the regression of each observation point to generate specific parameters for every region [59] . In this research, we constructed the GWR model by using the residual of the PM 2.5 concentration obtained from the first-stage model at site s on day t as the dependent variable and the AOD value of the corresponding site and day as the independent variable. In addition, we adopted the average of the PM 2.5 residuals and AOD values for all days or seasons at each site as the dependent variable and independent variable, respectively, by year or season, and we found that the fitting effect of the single GWR model per day was better. Therefore, in the second stage, we developed the GWR model by using daily PM 2.5 residuals and AOD values. The model is formulated as follows:
where PM 2.5 _residual st represents the residual between the PM 2.5 ground monitoring concentration and the predicted concentration obtained in the first stage at site s on day t, AOD st is the VIIRS AOD value at site s on day t, β 0,s and β 1,s represent the regression parameters of intercept and slope at site s, which is a function of the geographic location, and ε 2,st represents the error term at site s on day t. The regression parameters β 0,s and β 1,s in the geographically weighted regression model are functions of the geographic location of the observation points and are, thus, different at each location. The basic task of the GWR model is to obtain the regression coefficients of different weight for each sample point according to the spatial relationship between observation points and regression points. The core of the GWR model is the spatial weight matrix, which can generally be solved by weighted least squares. We used a continuous monotonically decreasing function "Gauss space weight function" to express the relationship between weight and distance. Considering the uneven distribution of the PM 2.5 observation points in the study area, the minimum Akaike information criterion (AICc) was used to obtain the adaptive optimal bandwidth, which is a non-negative attenuation parameter describing the functional relationship between weight and distance [59] . The second phase of the GWR model could capture the spatial relationship between PM 2.5 and AOD, allowing us to predict the PM 2.5 values on a spatio-temporal scale by combination with the first-stage model. In the second stage, we also fitted the generalized additive model (GAM) for comparison with the GWR model. The geographical coordinates of the PM 2.5 monitoring station and the NDVI were fitted by a smoothing function to reflect the spatial continuous variation of the PM 2.5 concentration [60] . Each additive term in the GAM model was estimated by using a separate smoothing function, i.e., the thin-plate regression function [60] , leading to the following formulation:
where PM 2.5 _residual st represents the PM 2.5 residual at site s of day t, µ 0 is the intercept term, S(x,y) s is the geographic coordinate smoothing function for site s, S(NDVI) s is the NDVI value smoothing function for site s, and ε 3,st represents the error term for site s on day t. Unlike the GWR model which uses the local smoothing method to obtain regression parameters, the GAM model adds smooth functions of independent variables. Previous studies showed that the GAM model can explain the spatial variation of PM 2.5 concentrations to a certain extent, and it could improve LME model performance [57] .
Model Validation for Prediction
Model over-fitting may occur during the modeling process. In this paper, the cross-validation (CV) method was used to assess the performance of each model [61] . We adopted the 10-fold CV method [62] to validate the PM 2.5 /AOD model and assess the degree of model over-fitting in this study. In this method, all fitting datasets were randomly divided into 10 sub-groups, and nine of them were used for model development, while the remaining data were used to evaluate the model. Then, the validations were repeated 10 times until every data group was predicted, and the results of the 10 validations were averaged to get the final result. We used two steps to assure that the validation data were independent. Firstly, the development sub-group and the validation sub-group data were randomly selected from the randomly distributed datasets to ensure that every group of data was independent. Secondly, we conducted 10-fold validation to ensure that each group was validated. The results of the 10-fold validation for three models were all stable. Each pair of PM 2.5 values contained the observed (ground-based in situ) PM 2.5 and the CV-validated PM 2.5 values after 10-fold modeling and predictive verification. We used the coefficient of determination (R 2 ), the bias, and the root-mean-squared prediction error (RMSE) to compare the model fitting and cross-validation results and assess the model performance and over-fitting.
We used a two-stage model to estimate PM 2.5 concentrations in the Guanzhong area without PM 2.5 monitoring sites to generate a daily continuous PM 2.5 surface in the study area. The seasonal and annual average values were calculated from the daily PM 2.5 concentrations, so that we could capture the temporal and spatial variations of the PM 2.5 concentrations.
Results
Validation of VIIRS AOD and Quality Flag Selection
The global VIIRS-retrieved AOD was validated with ground-based reference AOD data from the Aerosol Robotic Network (AERONET) [63] ; over China, the VIIRS AOD with different quality flags was also validated using AERONET data [17] . However, there is no AERONET site in the Guanzhong Basin; the nearest site is in Yulin city, which is 500 km away. Instead, in this study, the VIIRS AOD was evaluated using SONET sun photometer data from the site in Xi'an, the main city in the Guanzhong Basin. The Xi'an SONET AOD at 500 nm was collected for the period from 1 January 2017 to 31 December 2017, as a reference for comparison with the VIIRS_EDR AOD at 550 nm. SONET AOD collocated with the VIIRS overpass time was averaged over one hour (i.e., ±30 min from the VIIRS overpass time) and compared with the VIIRS AOD. The results for different QF are shown in Figure 2 . The collocation provided 92 collocated data pairs for VIIRS AOD with QF of 2 or 3, for which R 2 was 0.301 ( Figure 2a) . Using only QF = 3 VIIRS AOD, the number of matchups was reduced to 48 collocated data pairs, but the R 2 increased to 0.713 and the RMSE decreased from 0.422 to 0.163 (Figure 2b ). This comparison shows that the use of QF = 2 VIIRS AOD strongly reduced the accuracy of the data and likely also degraded the performance of estimating ground-based PM 2.5 concentrations using VIIRS AOD. Thus, we only used high-quality VIIRS AOD products (QF = 3) to estimate PM 2.5 concentrations, following the recommendation by the VIIRS aerosol team (https://www.star.nesdis. noaa.gov/smcd/emb/viirs_aerosol/documents/Aerosol_Product_Users_Guide_V2.0.1.pdf, last access 1 November 2019).
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Data Overview and Characteristics
The VIIRS AOD datasets with QF = 3 were used for model development, together with collocated PM2.5 and other data. The statistics of these data for each season and every city are presented in Tables  S1 and S2 (Supplementary Materials) , and the frequency distribution functions for the whole model 
The VIIRS AOD datasets with QF = 3 were used for model development, together with collocated PM 2.5 and other data. The statistics of these data for each season and every city are presented in Tables S1 and S2 (Supplementary Materials) , and the frequency distribution functions for the whole model fitting dataset are shown in the histograms of Figure 3 . Seasons are defined here according to the actual seasonal division in the study area: spring (March, April, and May), summer (June, July, and August), autumn (September, October, and November), and winter (December, January, and February). Table S1 (Supplementary Materials) shows that the average PM 2.5 concentration and VIIRS AOD in the Guanzhong area for the whole year 2017 were 45.460 µg/m 3 and 0.421, respectively. These results are about five times higher than the average concentrations of PM 2.5 and AOD in the eastern and southeastern United States [38, 58] , and the PM 2.5 concentration was much higher than the annual average concentration limit of 35 µg/m 3 stipulated in the Environmental Air Quality Standard (http://kjs.mee.gov.cn/hjbhbz/bzwb/dqhjbh/dqhjzlbz/201203/W020120410330232398521.pdf, last access 1 November 2019), which was implemented by the Chinese Ministry of Environmental Protection in January 2016. This shows the severity of air quality problems in the Guanzhong area. Table S1 (Supplementary Materials) also shows that the annual wind speed in the study area was relatively low, ranging from −6.22 m/s to 5.353 m/s. The long-term static wind speed in the study area is also not conducive to the dispersion of pollutants. The data in Table S1 (Supplementary Materials) show that the PM 2.5 concentrations were highest in the winter, lowest in the summer, and moderate in the spring and autumn. The mean AOD values were similar in all seasons, but their median values changed. The study area is driest in the spring, and the wind speed does not vary much between seasons. Table S2 (Supplementary Materials) shows that PM 2.5 concentration was highest in Xi'an city, followed by Weinan city and Xianyang city, and lowest in Baoji city and Tongchuan city. The population density in Xi'an and Weinan is the largest, followed by Xianyang and Baoji, while Tongchuan has the lowest. Figure 3 shows that all variables except population density were approximately log-normally distributed with one single peak. We also calculated the variance inflation factor (VIF) between each of the independent variables to identify multicollinearity problems. When the threshold value of VIF is less than 2.5, it is considered that there is no multicollinearity phenomenon between variables [64] .
The results show that the VIF values ranged from 0.000 to 1.333, and there was no multicollinearity problem in the model. 
Predictor Factors Analysis
The fixed intercept b0 and the slopes (i.e., coefficients b1-b7 in Equation (1)) of each predictor for the first-stage LME model are shown in Table 2 . For most variables (AOD, NDVI, RH, WSU, and TP), the results in Table 2 show that their effects on PM2.5 were significant at the α = 0.005 level, but POP appeared to have less influence. The spatial resolution of POP was the population density for each district or county, which was sparser than other variables. The sensitivity of PM2.5 to changes in POP was low. As shown in Table 2 , for AOD, POP, and TP the coefficients were positive, i.e., PM2.5 concentrations increased with an increase in these parameters. NDVI, RH, and PBLH were negatively correlated with PM2.5 concentrations.
It is worth noting that WSU was a positive coefficient in the equation. A positive value of WSU represents wind from west to east, and a negative value represents the wind from east to west. Thus, we could distinguish the effect of west-to-east and east-to-west wind for PM2.5. The concentration of PM2.5 in the Guanzhong area was positively correlated with the west-to-east wind. This is likely due to sandstorms in the desert area to the northwest of Guanzhong and transport of dust to the study area by westerly winds, leading to the increase in PM2.5 concentrations [65] . However, in general, high wind speed results in the transport of pollution away from the area and, thus, smaller concentrations, while low wind speed leads to accumulation. Thus, the high east-to-west wind speed can increase horizontal and vertical mixing, thus diluting PM2.5 concentration due to the dispersion of pollutants, which is negatively correlated with PM2.5 concentrations [45] . Table 2 . Fixed effect of the liner mixed effects (LME) model. NDVI-normalized difference vegetation index; POP-population density; RH-relative humidity; PBLH-planetary boundary layer height; 
The fixed intercept b 0 and the slopes (i.e., coefficients b 1 -b 7 in Equation (1)) of each predictor for the first-stage LME model are shown in Table 2 . For most variables (AOD, NDVI, RH, WSU, and TP), the results in Table 2 show that their effects on PM 2.5 were significant at the α = 0.005 level, but POP appeared to have less influence. The spatial resolution of POP was the population density for each district or county, which was sparser than other variables. The sensitivity of PM 2.5 to changes in POP was low. As shown in Table 2 , for AOD, POP, and TP the coefficients were positive, i.e., PM 2.5 concentrations increased with an increase in these parameters. NDVI, RH, and PBLH were negatively correlated with PM 2.5 concentrations.
It is worth noting that WSU was a positive coefficient in the equation. A positive value of WSU represents wind from west to east, and a negative value represents the wind from east to west. Thus, we could distinguish the effect of west-to-east and east-to-west wind for PM 2.5 . The concentration of PM 2.5 in the Guanzhong area was positively correlated with the west-to-east wind. This is likely due to sandstorms in the desert area to the northwest of Guanzhong and transport of dust to the study area by westerly winds, leading to the increase in PM 2.5 concentrations [65] . However, in general, high wind speed results in the transport of pollution away from the area and, thus, smaller concentrations, while low wind speed leads to accumulation. Thus, the high east-to-west wind speed can increase horizontal and vertical mixing, thus diluting PM 2.5 concentration due to the dispersion of pollutants, which is negatively correlated with PM 2.5 concentrations [45] . 
Model Validation
The LME model results were used in stage two to develop the GWR and GAM models as described in Section 2.3. To evaluate the model performance, the computed PM 2.5 concentrations were compared with the observations using model fitting (Figure 4a (Figure 4b ) with those from the LME model (Figure 4a) shows that the inclusion of the temporal and spatial variability of the PM 2.5 concentration in the GWR model provided an improvement over the LME model (R 2 = 0.802 vs. 0.711; RMSE was also lower). The GAM model (Figure 4c ) was also an improvement over the LME model but much less than that of GWR. For the low PM 2.5 concentrations (less than 30 µg/m 3 ), all three models were overestimated. When PM 2.5 concentrations were larger than 40 µg/m 3 , all three models were underestimated, and as observed PM 2.5 concentrations increased, underestimation also increased. However, predicted values for the GWR model were much closer to the observations because it better captured the geographical variations of PM 2.5 after adding geolocation information into the model. Figure 4 shows that, for PM 2.5 concentrations larger than 140 µg/m 3 , underestimation occurred irrespective of whether model fitting or cross-validation was used. This may be because the model parameters were determined using mainly PM 2.5 concentrations smaller than 140 µg/m 3 , and high PM 2.5 values got less weight. Therefore, the results do not apply to such high values. Another possible reason is that the areas with high PM 2.5 concentrations are very local and not well captured by coarse spatial resolution [16] .
The 10-fold cross-validation method was applied to the three models, LME, GAM, and GWR, to evaluate the predictive ability of each model for PM 2.5 over the Guanzhong area, using R 2 , bias, and RMSE as metrics. The results in Figure 4 show that all models over-fitted for the training data; the R 2 values of all three models for CV (Figure 4e,f) were smaller than for model fitting (Figure 4a-c) . Figure 4a ,d show that the R 2 and RMSE values of cross-validation were 0.639 and 18.024 µg/m 3 , which were 7% lower than the R 2 and 2.800 µg/m 3 higher (6%) than the RMSE for model fitting, Figure 4b ,e show that, when the GWR model was used in the second stage, the model over-fitting became larger as the limited amount of data matched each day [56] , where R 2 of cross-validation was 10% smaller, and RMSE was 2.985 µg/m 3 higher (7%) for the annual average PM 2.5 as compared to the results of model fitting. Figure 4c ,f show that the GAM model was slightly over-fitting; the R 2 of cross validation was 0.686, and it was only 5% lower than model fitting, while the RMSE was 15.823 µg/m 3 , which was 0.909 µg/m 3 higher (2%) than the annual average PM 2.5 as compared with the results of model fitting. This also shows that the GAM model could improve the tendency of overestimation for low values and underestimation for high values to a degree. However, our results show that the GWR model with geographic location information improved significantly on the R 2 and RMSE of model fitting or cross-validation, and it improved the model prediction accuracy. To show the plausibility of the second-stage geographic location models, we plotted the residuals for each site in every city from the first-stage LME model as box plots in Figure 5 . The results show that the residuals were mostly in the range from −40 to 40 µg/m 3 . Overall, the PM2.5 concentrations in Tongchuan city were underestimated, whereas, in Weinan city, they were overestimated; in other cities, both under-and overestimation occurred. This indicates that the PM2.5 concentration over-or underestimation at the sites in the same city were similar, while differences occurred between cities, which supported the idea that the PM2.5 concentration at each monitoring site is related to the spatial location. To show the plausibility of the second-stage geographic location models, we plotted the residuals for each site in every city from the first-stage LME model as box plots in Figure 5 . The results show that the residuals were mostly in the range from −40 to 40 µg/m 3 . Overall, the PM 2.5 concentrations in Tongchuan city were underestimated, whereas, in Weinan city, they were overestimated; in other cities, both under-and overestimation occurred. This indicates that the PM 2.5 concentration overor underestimation at the sites in the same city were similar, while differences occurred between cities, which supported the idea that the PM 2.5 concentration at each monitoring site is related to the spatial location. 
Comparison of the GWR and GAM Model
Compared with the GWR model, the overall performance of the GAM model's fitting ability was worse. The validation results in Figure 4e ,f show that R 2 was slightly higher for the GWR model, while RMSE was similar for both models. The error bars in Figure 4b ,c show, however, a larger scatter of the GAM model results for high PM2.5 values, although, for lower PM2.5, the GAM results were closer to the identity line. The GWR model used the AOD with the strongest correlation for PM2.5 as an independent variable; thus, it could better improve the ability to capture the spatial variation of PM2.5.
By analysis of the seasonal variation, we can also see the difference in the performance of each model in every season. This is illustrated in Figure 6 , which shows scatter plots of the PM2.5 values predicted by the GAM and GWR models versus ground-based observations for each season. The performances of the GWR and GAM models for each season were similar; they were best in the autumn (R 2 of 0.835 and 0.790) and the summer (R 2 of 0.778 and 0.695), while the winter (R 2 of 0.723 and 0.596) came third, and the spring (R 2 of 0.632 and 0.529) had the lowest correlations. This is probably because the vegetation is dense in autumn and summer, and the low wind speed results in the accumulation of aerosol particles in the Guanzhong area, enabling the model to best predict PM2.5. In the winter, fewer AOD values can be retrieved due to the more frequent occurrence of clouds, and the chemical characteristics of particulate matter become more complex because of emissions due to indoor heating, coal burning, and festival fireworks, while vertical dispersion is also limited due to the lower inversion height. AOD is a columnar measurement of aerosol light extinction. The effect of aerosol characteristics (e.g., chemical composition and size distribution) are important in light extinction [66] . However, the effects of aerosol chemical characteristics and size distribution were not considered in this study. When the aerosol characteristics become more complex, the model cannot capture their effects on the PM2.5/AOD relationship and, thus, also not on the model performance [66] . These factors may cause a distinct increase in PM2.5 concentrations, resulting in a reduced ability of the model to correctly predict PM2.5 [45, 67] . PM2.5 concentrations tend to be high in the winter and, therefore, the model performance is worse than in seasons with lower PM2.5 concentrations. Dust storms have a significant impact on air quality in spring, i.e., the season with frequent desert dust 
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Temporal and Spatial Distributions of Predicted PM2.5
The PM2.5 concentration was calculated using the LME and GWR models for each pixel with 6 km × 6 km resolution around each of the PM2.5 sites in the Guanzhong Basin, for every day of 2017. Using the results, the spatial variations of the average PM2.5 concentrations over the study area were obtained for the whole year and for each season in 2017, with a spatial resolution of 6 km × 6 km. The results are presented in Figure 7 and Figure 8 . The spatial distributions obtained from the LME and GWR models were very similar, but the concentrations predicted by the LME model were generally lower than those obtained from the GWR model, particularly in the winter when the PM2.5 concentrations were highest. As described in Sections 3.3 and 3.4, the LME model underestimated high PM2.5 concentrations, but the addition of geographic location information using the GWR model improved the model performance. The GWR model shows the spatial distribution of PM2.5 more accurately in conditions with high concentrations.
As shown in Figure 7 and Figure 8 , PM2.5 concentrations in Xi'an city were higher than in the other cities in the Guanzhong Basin. In the urban areas of Xi'an, the average annual PM2.5 concentration was more than 70 µg/m 3 . Xi'an is the capital of Shaanxi Province and has the highest population density, traffic density, industrial production, combustion, etc., resulting in high PM2.5 concentrations. Weinan and Xianyang are the second and third largest cities in terms of population density, with high urbanization and industrialization levels leading to high PM2.5 concentrations. Baoji is located in the western part of the study area, and air quality is influenced by dust pollution from the northwest and industrial pollution advected from the east of the Guanzhong Basin under the action of atmospheric circulation. Tongchuan has the best air quality of the five cities in the study area. Figure 7 and Figure 8 show that the highest PM2.5 concentrations in the Guanzhong Basin mainly occurred in the densely populated urban areas, with lower PM2.5 concentrations in the suburbs or mountainous areas, especially in the southern part (i.e., Qinling Mountain) of Baoji and Xi'an with sparser population than in other areas. The PM2.5 concentrations in the Guanzhong Basin have a clear seasonal variation. Winter was the most polluted season when the average PM2.5 concentration in many areas was larger than 50 µg/m 3 . In the winter, temperature inversions occur frequently, and, in the shallow mixing layer, the dispersion of pollutants is limited, leading to accumulation and, thus, 
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Discussion
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In this study, we used AOD data, meteorological factors (PBLH, TP, and RH), NDVI, population density data, and a new variable, the wind speed vector of U component, to develop a model to estimate PM 2.5 concentrations. The effect of PBLH was significant at the α = 0. 1 level for PM 2.5 , as also concluded from previous studies in Beijing, Tianjin, and Hebei [55] and across all of China [57] . Industrial activities and dense traffic occur in densely populated areas, and, together with other anthropogenic activities, the emissions of primary aerosol particles and aerosol precursor gases from these activities contribute to the increase in PM 2.5 concentration. Thus, the concentration of PM 2.5 in densely populated areas is usually high [70] . High temperature accelerates the secondary formation of particles from precursor gases such as SO 2 , NO 2 , and volatile organic compounds (VOCs), which may further grow due to condensation of vapors, which in turn leads to the increase in PM 2.5 concentration. NDVI is an indicator for the amount of vegetation which can effectively adsorb and remove particulate matter from the air due to the higher roughness, which results in higher dry deposition velocity [71] . The effect of relative humidity is twofold. Firstly, when RH increases, the particles grow due to condensation of water vapor, which implies dilution of the dissolved salts and, thus, lower specific mass, which, for particles in different RH environments but with the same diameter, results in differences in the dry mass when these particles are bought into a low-RH environment. Secondly, when the particles grow, the particle size distribution shifts to larger sizes. Because PM 2.5 monitors use an inlet designed to sample ambient (i.e., wet) particles with an aerodynamic diameter of 2.5 µm, a shift in the size distribution to larger particles results in missing a fraction of the particles that would be sampled at lower RH. Because the mass of this sample was determined after drying (in a low-RH environment), this results in another reduction in the particle mass. Hence, the mass of PM 2.5 decreases with increasing RH.
The effect of RH on AOD is the opposite. AOD is measured on ambient particles and, hence, the effect of particle growth usually results in an increase in the AOD. In fact, particles which, in dryer conditions, are too small to influence the scattering of solar radiation (smaller than about 0.05 µm, see Reference [72] ) may grow and, thus, become optically active. Because the shape of the particle size distributions with high concentrations of particles is smaller than those for optically active particles (see, for instance, Reference [72] ), this often implies an increase in the number of optically active particles and, thus, an increase in the particle scattering and also in the column-integrated extinction or AOD. The RH-induced variation of the extinction depends on the hygroscopic growth factor (i.e., chemical composition) [72] .
With regard to the effect of the PBLH on PM 2.5 , the planetary boundary layer (PBL) is the layer adjacent to the surface where vertical mixing takes place up to the inversion height (similar to the PBLH). When the air near the surface is heated by solar irradiation, it rises up to the PBLH where it encounters inversion (a temperature jump), while cooler air descends. This mechanism constitutes an effective mixing of the atmospheric constituents throughout the PBL and causes an increase in the PBLH until equilibrium is reached. As a result, aerosol particles are removed from the surface and effectively mixed throughout the PBL. Thus, surface concentrations such as those expressed by PM 2.5 become smaller when PBLH increases, but the total aerosol content in the PBL does not change and, thus, this process does not affect AOD. However, in a well-mixed PBL, the RH increases with height and, thus, particles may grow, which in turn causes the extinction coefficients to increase with height and, thus, also AOD.
In this paper, a model was presented to estimate temporal and spatial variations of surface PM 2.5 in the Guanzhong area with a higher spatial resolution of 6 km × 6 km than in previous studies that used the 10 km × 10 km MODIS AOD or the 17.6 km × 17.6 km MISR AOD. A new variable, WSU (wind speed vector into meridional component), was used to distinguish the effect of west-to-east and east-to-west winds in the study area. In addition, our research concentrated on the heavily polluted Guanzhong Basin area in China, where only few studies were carried out before. Generally, this study provides spatial details and information for PM 2.5 exposure, air pollution, and health impacts in the Guanzhong Basin, and provides guidance for preventing and controlling haze in cities.
Although VIIRS AOD had a satisfactory performance in estimating surface PM 2.5 concentrations, its shortcomings could not be ignored, and the research method of this paper had some limitations. The diurnal variability of PM 2.5 and AOD can be significant [73] . However, PM 2.5 concentrations and AOD values were only taken into account at one certain time of the day (VIIRS satellite overpass time) in this paper. The other times for all-day and daily cycles of PM 2.5 concentration could not be captured by satellite data [45] . This led to a certain bias in estimates of PM 2.5 concentration by using our model in the study area. The lack of satellite AOD retrieval in some conditions is a serious problem, such as in the winter for the study area, which is usually due to the presence of clouds or due to high reflectance of surfaces covered with snow or ice. These limitations are a generic feature of all AOD products [56] . The daily matchups of PM 2.5 /AOD are primarily restricted by the lack of AOD observations, which was the reason that the LME model could not completely capture the random slopes and random intercepts for each day due to a decrease in precision. Moreover, the few daily matchups led to over-fitting of the model, which was addressed by the CV experiments in this paper. Therefore, the method to solve the problem of missing satellite AOD data will be one of the key points of our future research; we could use empirical gap-fitting methods to alleviate this problem [74] . There is the obvious seasonality of the PM 2.5 concentrations and the predictive ability of the model in the study area, which was closely related to the range of AOD values and PM 2.5 concentrations in different seasons. Different predictive models for different seasons could be developed to improve the prediction accuracy in each season and for every day. In addition, some auxiliary variables in past studies were not added to the model as independent variables because of data and resource limitations, such as wind vector data in four directions [29] and the traffic intensity and type (trucks and personal cars). The model's stability and the accuracy of predicting spatio-temporal changes may be improved if we could add the above factors or add more suitable predictors to the model. Although a one-year study (2017) covers different meteorological conditions and seasons, the use of more years would show effects of year-to-year variations due to, for instance, changes in large-scale variations. In future research, more data could be collected for further analysis to evaluate the historical changes of PM 2.5 and the inter-annual changes of the relationship between PM 2.5 and AOD.
Conclusions
This study aimed to develop a two-stage model to estimate the surface PM 2.5 concentrations and the PM 2.5 spatio-temporal distribution in the heavily polluted Guanzhong Basin in China. We used VIIRS AOD data with a spatial resolution of 6 × 6 km 2 as the main prediction variable. Sun photometer data from the SONET ground monitoring station located in Xi'an were used to test the accuracy of VIIRS AOD products with different quality flags, and VIIRS AOD with QF = 3 was selected for use in this study. The main conclusions are as follows:
(1) The annual average PM 2.5 concentration in most areas of the Guanzhong Basin in 2017 was higher than China's ambient air quality standard (35 µg/m 3 ).
(2) The developed models do not apply the higher PM 2.5 concentration (i.e., more than 140 µg/m 3 ) or some areas where high PM 2.5 concentrations are very local.
(3) The GWR and GAM models could improve the performance of the LME model; the GWR model alleviated the underestimation of the LME model, and its performance in capturing the temporal and spatial changes of PM 2.5 was better than that of the GAM model. The combined model prediction of PM 2.5 concentrations was more accurate in the summer and autumn than in the spring and winter.
(4) In the Guanzhong Basin area, PM 2.5 was well correlated with vegetation coverage and meteorological factors. PM 2.5 was positively correlated with temperature, population, and wind from west to east, and negatively correlated with vegetation cover, relative humidity, planetary boundary layer height, and wind from east to west. We recommend using VIIRS AOD QF = 3 products to estimate surface PM 2.5 concentrations.
(5) The topography and the population density had a strong influence on the spatial distribution pattern of PM 2.5 concentrations in the Guanzhong Basin; it was higher in Xi'an, Weinan, and Xianyang, but lower in Baoji and Tongchuan. Moreover, the PM 2.5 concentrations in the Guanzhong Basin varied with the seasons and were highest in the winter, moderate in the spring and autumn, and lowest in the summer. Table S1 : Statistics of dependent and independent variables for each season and annually; Table S2 : Statistics of dependent and independent variables for each city.
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